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Abstract At present, the image is one of the most important tools of visual information storage and
transmission. Image inpainting is a research that aims to autonomously repair defected and impaired image
content by computer. This is an interesting research topic attracting the attention of computer vision, image
processing, and machine learning field. Since the content of impaired areais hardly predicted beforehand, a
smart solution method must have the ability to model complex general image information. However,
complex information modeling is always a tough mission in visual researches. Thus, related researches
once progressed quite slow in decades of years. But things are different because of the development of deep
neural networks, which is well known for the ability of complex information learning and modeling.
Nowadays, deep neural network based approaches have become the overwhelming solution of image
inpainting tasks, and really advanced the general technical merit. In this paper, state of the art works of deep
neural network based image inpainting is systematically combed and comprehensively introduced. Since
the main difference among those related approaches comes from the network structure, we will class and
discuss them according to network architecture discrepancy. Specificaly, all mentioned methods are
divided into five categories, namely, Context-Encoder class, U-Net class, CGAN class, DCGAN class, and
StackGAN class. The Context-Encoder is a famous context information modeling network structure, which
can effectively model genera visual content. The U-Net is a network construction that can fuse multiple
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scale level knowledge, which contains many down and up sampling. The CGAN is a conditional version of
traditional GAN structure. This strategy promotes the pertinence and controllability of GAN, which is
famous for the brand new adversarial mechanism and powerful synthesizing capability. The DCGAN is a
deep level fusion of classical CNN and GAN, and it is a reinforced instrument of feature extraction and
modeling. Those structures have evident composition characteristics and are fundamentally distinct from
each other. But all of them have been successfully utilized to solve the puzzle of image inpainting, and great
outcomes have been achieved. And we believe they stand for the highest technique level of current research
to image inpainting problems. Hence, in this paper, we will be detailed discuss the ideas, features, advantages,
and defects of each of the five categories, and they will be directly compared and assessed. In order to fairly
and objectively measure and evaluate the mentioned methods, carefully designed experiments are
conducted on publicly available large-scale databases. Both quantitative and qualitative performance will be
demonstrated and discussed to analyze the approaches comprehensively. Finaly, the remaining problems
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and challenges of current works are elaborated and discussed.
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W25 40k HRISSM, A LA i 2048x1024 14 i 53 5
K& {%. Dolhansky % NPT CGAN i Jf] B 75 2
FEMG R s BIE B A e i R e 2 EE
LI 45 ot FH— 2R % 107 A I B AR X 0y et A 76t
boillge, mE 6 i, Hb, X oA s G i,
ronSEEG, ZohEEEE, D hEERIEE. Liso 5
NPT CGAN 2 H T A iU PS94
= A SIS, B ARRAE 5 A o 2%, &
BB B ML, RS B 4. B —A 5 32 00 2% ity
(14 25 JE AR 5 5 A — VR S S B0 28 i AL I HE SR
I BIME B AR e RS, Dm0 ek
#EF AT 5. Zheng %5 N1PI5ET CGAN 4t
W M4 Pluralistic, Hirr—AN43 57y E g ik
e, AR G B XORAE B R A B2k X B
BRI H— AR, dA L —a X
PAFIAMERAE R, A N2

D >

TRAR

Y

LR

L §i208

Bl 6 SCHR[23]14E H o HR IS 15 52 N 45 2540
3.4 DCGANZH*

DCGANPAE CNNPIE GANPORZ Kl 4 Y
Y. MY T4 GAN, DCGAN TEFRAE4R Uy =
T T, AR T UG RR E R
AR, EUR B UE & 0 U R 4R © A BR MR B
A R R A B AR N 2, SEBR B2 SR A A K
B A5 B3 58 B MR Ry WS DG &R . X Pt S OC R AE K]
G R R R R R Z R B ARG )
FH W RHIE F R 2 oK M U OC R 1 G HE, DCGAN
TEZ R E L. BRI F, DCGAN X5 F bl
LR LSRR T — e, FEASE . (1) REpr
ARHAL)Z, A s ORI
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TR, KR P iR R E L2 (2)

Az A RS e A I — 1k (3) Zodw
EEE, RGNS BRMNY; (4) LA
W ReLU /5 MG e, fief5— )28 tanh;
(5) EHlas i Leaky ReLU 1EAiiE sRi%L.
DCGAN KR Z& 25 NE 7 Fias, A las a4
AJE—A~ 100 dEpy s, driEiE L 4 Z2ERZ,

o e

AR L R

-

4x4x1024

8xBx512
100 z

16x16%256
R 32x32x128./

64x64x3

B g — B RZEELORE, K R—1F,
RZ T 64x64x3 K/ GG 5 M5 2 n] L
B O A AR U . (HAF—$R A2, DCGAN HiA:
A R R E BN IRE R, AR
H, PIE R 2ZERIINIE 8 P, BB A
FFE R R AN O, TR R 2 R 2 A0 g A RO
I, AER—MEFR A E A 0.

AR BH

4x4x%512 1

8xBx256
16x16x128

\32X3ZXG4

7 DCGAN M4 451

K8 M5 DCGAN IR IHEZ G, Kb
WA ER, AWM REE .

lizuka % A2 DCGAN i A F %5 2 4
e, ittt GL ik, 5IARRAREEE LT 3
Y ER A TGS MR S 5], Herp 4 Jey S 00 2% 4] Wby
ok KGR A FEVE, R BB I A B w18 &2 R
DIk & BEPE. Yeh 25 APHR I JE T DCGAN 1
PR 25 AR RS, ol FH 52 G ot i BEMZ I A e
38 1 X B A BHE 09 25 2 ok A S R R e Y
5. FEM B B, A R A 1o 3 R W e R
52 RGBT gt , -5 KRB A
B T e SR J5 A= B 2 1 N 2515 B, Banerjee
2 |8 i T — AL DCGAN (192 R (14 i
XML, fets N — A~ — i TR S A ik A
FEAEZIE I IR SIS I SR R B
2> DCGAN FREHL I Y, BE— A B
R PR RS, F— e ARG R H L
— AR A B R 2t R FERE R
1531, Song 25 AP YokE WA EIE B TA
MR E T, RG22 R RN 2R
BT, MFRE A X8 2 (8] i3 Bk 2 A
HIE MW, 1B X — ) X N Sr O A R

BRI A AR, S — MR Ay 4 T 00 X 24
FETFRERP M4, 3 ZAE R XTI X381 53
EIRREEVEAT TN 5 58— AMEER R FI 5] S5, 4
E5 | AR I T DCGAN, M4 #1545 R4 il E 1%
MZME B Nazeri 2 \BOHR I T —Fhab & ih 2 e
5B B ER16 5 )71 EdgeConnect. i, AR liAE
TS S B R G0 L, TS A it PR 4% — ) A= i
BEEUR. S5t L, B B B o
%, WINBr B R T DCGAN. 25— [ By b iies
i A MBS, FET HED #6045 2 i) i 2% %
DL Rt DX IRy, it o e B & S 56—
W BEAB 5 A i i A AR i R N e 2 i
Jo % NP T 3 F DCGAN (1) SC-FEGAN, %
W 245 HLAT 1o B 1 58 L BB A PRI K T R 2 114
THO T HEITRGIE R LA BLAs 2848 S U-Net
S5, fir 2 AOBE PREICR A tanh, B4R B2
“}3 SN-PatchGAN.

3.5 StackGANZE A%

HISCA 2011 CGAN K5 L FE SR AR 29 SRR T | Ay
TR, Bl T ML R, 22> 2]/
KIS FEA TN U-Net 5 DCGAN £5, HEMBEER
R AE TS W R T A — B AR, TR B4
AR s R, i BRSNS AR
R T T A B G W RE 1 StackGAN 28751,
ARVRAN TIZ T TH A 2.

il StackGANBE g — N [ Bt Coarse-to-Fine
PTG, S anE 9 B, S —Fr B
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265 5 1) SCAS J1 38 S S Bl A2 BN B2 1) TG B DR
ARBE, TR BELIE R O 2 Ty 55 2 BB
R 55 — 8 1) 45 SR A DA B AR TE 5 — B B A

S B BEAE AR SE—BrBUE IR

AR o0 B3 BB B e B, AR B SCAS fi ik e 4 1k
A O G R B SR Y, DT A A g 3 R Y
KA.

SE BB R S BrBrERla:

4

A i V. y
I' I ‘ --'_-I'

El 9 StackGAN 45451y

£ StackGAN ZEFJIK R T, Yu 25 NP3 H—A4
FHOREL ZI0RS B 7 B B I 25 2844 GIICA, f— B Bx
AW IEATINGR, 55 9 B E A O LA RO
RIATINGR. 25 B B S i v DA H SR — B B2
B E AR R R, BERS RIS SR 5. Yu
2 N IR SCRR[32] Y FE A |, 5 5B T TR B R,
BT GConv k. 145 BRENS A KG Hh (1) BF
ATE A N2 A B AT S A RRAE R, T DIARYE 2
so. FERS . AMLAE B A Y R A S SR BRI
DLAE BT A B4 52 45 5. Xiong 2 ABYELH T =
ARG I B Y PR AE B 2% s — Ay
N GEHEAR ERA AR R, Z A ] Deepeut 4%,
PRI AN SE IR H % 5 AR EE = A
L (14 D) £ B 3L F StackGAN, SEAE ML 1 341 2%
Pl F0RL I 1 9 28 05 8, TS R R AT RS 40 Ak R R
Sagong 24 1 5 F StackGAN (1) PEPSI (%%, %
] 25 5 PR 5 I I 24 Bt — b — 1> B % i e S i T
2. ML — A BR— R S S g 2R R AN IR AT
MR, P I T mgas— 1 iR e, —
A INEIE G AR . B S BE AR DGR 5 25 7 A (R R AIE
Wbt 7 A LB 25 R, RSB R % AR B el ik CAM
AR, SR AR o AR RAE P A
R s 45 B shin 4 A POIYE SCik [35] 1 SL i
AR T R RN PEPSI £ Diet-PEPSI, FIJH />
BERREGERERGER, 4 TIIZeR. Liv %
BT T StackGAN B T 9 BE I 4 254, -4
55 B BER I SR R S MR, IR TR &
A2 1 T T AR

4 TJIRTERESTIR
A EEAG 7 MR, X HOT IR, A

TER ML TT R AE 10 B ik 07 ik SR IT RGL Mk 2r &
e

41 XEESE

AR ARSI FL T Ubuntul8.04 ¥4 R 48 k4T,
4i—% 1 Intel E5-2620 CPU, 32GB 11, TeslaK80
GPU (12GB .17 ) Wi 5H.

SRV 1 BT 7 B o DX i 5 A Bt AL DX 5k
BB H AT A DRI B S QI B IR, FRATT A SE 8
P AE XSS B PG AT R TF . T B X A
U W B E RO, 4 ik hE
TATHAEAR RSB E T, 5307 R R G,
BARTCHE S AErpO KO |, 5556 10%., 15%.
20%., 25%VU i gt 1o ] 5 FERBHLIC B b, SEa
10%. 20%. 30%. 40%VUFpEdii tbfl. . Wizl
B TC A (] A D PRI T, o S0 6 A TR Y
OLE, s b BEALER S, T AT AT X
P LU AT 38 24 40

AT TRV, R B i 28 W 45 28 5 T 1 S P T e 5
M2, FERA VARSI IEOL T, AR 5 IR A 5
B B, NI K, FRATTIE SO FR AR
PARAN TR St e M W TS U - L LIS T N I K LS
FRROT A RO E A MOE , B W IR T K

BRI R, ALY HERER. ErkR
N, DASCHRIRIEAE =85 M AS AL AL, 4 TSR 1A
TR, b g SR AT PSNR Fil SSIM # 5
FEPRTE 4RI A % A R B T 5 885
P, AR TR ERE, AT ZI B
ORI B e 22 W EMR, T BEATLAe BEUAT 43 45 SR
TR, FAERI T 0 — RS KT 5 R IR T #E
T4 R AE T A A DG SE 50 - A 2 R B A T iC SR S0
42 HURE

ARSI BT H AT R S A8 52 s T
AN TR 4E CelebA Hil Places2 #E47. 11 2.4
TR, CelebA J& i A BG4t —1)



2304 it

"o

# 2021 4¢

IR EMG B4, T Places2 &A1& 50 A 32 553
SINZEA S SRR AR

1£ CelebA I+, BlMLIERE 1,000 i 45 4L s
KA, Y24 T4y 201,599 iiE K15 41 1% ; Places2
Biug b, WHIEUEF4 P REivLES: 1,000 iFE &
GAE IR AE , 55 0 i B0 4 3 45 ek
328,500 1 EIMGAE Ml Zhde. A SCHT A SER 7
AR RN R A8 Al 4R e & F A 7
43 ZHHH
4.3.1 Context-Encoder 2577

2% 2JB/R T Context-Encoder 27 1 7F HLs X 3,
BeitE g FrE R E R R ES,
CEP5 A1 GMCNNE )y B4 75 8 TSz o i,

S B P2 T (ARG B R TS A R 4 G R

& 10 JB/R T ik A N e R 80, IR ]
DIE M, PR R R B e s R IR — 2,
KA — 7 2 RE N8 35 B L TR R
CE 77 1k7F CelebA [ HRIMFELF, GMCNN I7E
Places2 $i#li 4 1A —E .

3BT IR RIS IRTEFETE L. v LA
FH, TEVIZRata) PSRt E] L P9 AR R A
Jril, CE k4t . Hubrl LI, CE
S — A 32 B R RN 9 R R T AR TR
% AL, XOEH T CE M5 H A% GMCNN
W T AR 7 . FERRMESmILB BE CE ik HA 1
AEHE, 1 GMCNN A7 34>,

% 2 Context-Encoder 757 /0 XIGEIRE % EREE R

AETES CelebA

Places2

PO R TR PSNR SSM

PSNR SSIM

MR 10%  15% 20%  25% 10% 15% 20%

25% 10% 15% 20% 25% 10% 15% 20% 25%

CEP 2620 29.10 28.15 30.75 0.910 0928 0.911 00931 20.20 21.49 21.22 21.16 0.780 0.777 0.759 0.751
GMCNNE® 2826 2586 24.31 2263 0942 0915 0891 0.856 24.13 22.12 20.35 18.79 0.915 0.881 0.840 0.793

10% 15% 20% 25% 10% 15%

ﬁﬂ Iﬁr‘%"
‘A ﬁglﬂﬂ&’”‘%’

20% 25% 10% 15% 20% 25%

Spale eln

(A) CelebA ¥iidE

10% 15% 20% 25% 10% 15%

I
o0 S

20% 25% 10% 15% 20% 25%

- (B) Peséﬁéﬂ-;ﬁ
T O IR B E S iR AR . (@) MAEG, (b) CE FikBRE45E, () GMCNN
IEBELER . (d) Ground Truth.

[l 10 Context-Encoder 2

@ A SCS i Y9 CE Pytorch AR RAAD i B84 BENL DX IS I 2R IS, 8 0 124 S92 30 rh 85 AL DX 3 et 38 4
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% 3 Context-Encoder /A2 EREFEIFNR

el YIZRI ] (h)  FiE g [l (s) I NAFE(GB) i1 B A7 (GB)

FFUEACHD ) 1l
Y/ CelebA/Places2
CEM™ 106.6/133.3 0.089/0.095 1.52/1.56 1.88/2.18  https://github.com/BoyuandJiang/context_encoder_pytorch
GMCNN®  170.1/220.0 0.222/0.236 1.52/1.87 4.96/6.36  https://github.com/shepnerd/inpainting_gmcnn
432 U-Net )57k K11 5 12 JEoR T AHNLE PSR L. IR

#4585 55ERT U-Net 5 ELETLIX
S I A BE HIL DX S e 353 R i S B R .
FhTTLIAE 1, DFNet 777 PSNR 5 SSIM #5
br b iR B0 4 0m 5O (490 32 Wil H, DFNet
A 29 WA ST ) . AT UL, DFNet 5] A EH
PR PRSI, DA Sl & B AR, XFF
U-Net K5 o i TH W& VE R

10% 15% 20% 25% 10% 15%

hETLUE H, S ERM—3, DFNet FiLRENEHL
1501 & B 47 B A8 5 RSOR

# 6 B/ T U-Net 27073 1 % U5 1 FE 5 B
nJ LI #], DFNet 7F £ 5 2 09I L ik ] 7 im, A
B 2 O 3, BEg /b i 38 B ) S R R R 18
{EL7E 5 A7 A 1 5 1, AT Shift-Net!™ 7 12 0 i
i ¥

20% 25% 10% 15% 20% 25%

B0 QT IS C L2
2 il e 13

(A) CelebA ﬁﬁﬁ

10% 15% 20% 25% 10% 15%

20% 25% 10% 15% 20% 25%

.
e

(B) Places2 $ili4k

[# 11 U-Net 2577 W70 thu K i B45 s E80R . (a) A K%, (b) Shift-Net 5B E 459, (c) DFNet J5 4%
K455, (d) PEN-Net iEEE 45K, (e) Ground Truth.
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LI S

(2)

(®)

(©

d

(e

20% 30% 40% 10% 20% 30% 40% 10% 20%

S
X
L
]
X
X

W
(A) CelebA %4

10% 20% 30% 40% 10% 20%

(B) Places2 itz

30%

K12 U-Net 507 A TEBEHL BB R BB AR : (@) % AKIA, (b) Shift-Net Jrik B 4558, (c) DFNet Jrikf&

HE4ER, (d) PEN-Net 75 115 2 45

, (e) Ground Truth.

Fz4 U-Net £2HEAEPOXEBERITEG EREER
FIEIES CelebA Places2
PR PSNR SSIM PSNR SSIM
WP 10% 15% 20% 25% 10% 15% 20% 25% 10% 15% 20% 25% 10% 15% 20% 25%
Shift-Net™ 2423 2253 2251 22.82 0.903 0.856 0.876 0.865 24.97 23.44 22.19 20.98 0.902 0.873 0.839 0.802
DFNet!*” 3090 29.21 2725 2517 0.934 0.920 0.900 0.860 2544 23.76 22.35 21.10 0.916 0.885 0.849 0.808
PEN-Net®® 2629 2487 2357 21.70 0.892 0.873 0.852 0.817 22.79 21.99 21.12 20.22 0.817 0.794 0.765 0.729
Fz 5 U-Net £AEEREN XERIGEG LREE RN
ETEES CelebA Places2
P AR PSNR SSIM PSNR SSIM
S L B 10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40%
Shift-Net™ 3220 29.10 26.54 23.62 0.943 00913 0.870 0.808 2891 2511 22.69 20.72 0.930 0.868 0.792 0.712
DFNet!t” 3156 30.94 29.17 26.96 0.942 0.920 0.900 0.864 29.82 26.07 23.64 21.63 0.945 0.889 0.825 0.754
PEN-Net'®  27.03 2392 2159 20.04 0.882 0.819 0.759 0.713 23.39 20.93 19.04 17.78 0.792 0.703 0.622 0.564
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%R 6 U-Net XAEZRBREFEBER

B WZRmFwI(h) R R (s) A N A7 (GB) il .17 (GB)

FF AR o 41k
piEE CelebA/Places2
Shift-Net™  49.9/317.0 0.210/0.360 1.67/2.27 1.43/1.67 https://github.com/Zhaoyi-Yan/Shift-Net_pytorch
DFNet!*” 153.8/208.3 0.060/0.065 1.75/1.96 4.38/4.58 https://github.com/hughplay/DFNet
PEN-Net'®  157.0/220.5 0.154/0.160 2.63/5.84 5.51/7.70 https://github.com/researchmm/PEN-Net-for-Inpainting

433 CGAN 25k

#£ 7 5% 84 BIJE/RT CGAN K5kt
DX 338 5t 453 0 AL DX S 48 TR B i o e KRB
FH. WILE A LIE N, Pluralistic J5 P Y
SR BE L # : 7E 90.6%0) 52 56 v BB A% AT B 47 SR K.
[ I AT LB R, Pluralistic J5 ¥k ) 1k 26 915 Bt
ARSI L, 5 — et BUARST , Wi ey
FOE MR, RS RBUL , Pluralistic 7742
RSy S I 8 B0, R — AL CGAN 2807
oS

10% 15% 20% 25% 10% 15%

Nolels m s
P

K13, ¥ 14 R T AR EESS R, TLIEH,
PRtk RAEARA - A2
Pluralistic 77k fEEE AR R, 78 Z IR EE 1R
MBS RS Ground Truth AG A K2R, B
W2 Ty ¥ WA BE KA 5 ik — 2D 4 T

9 RN T HRIRIEAETE L. FEVIZRET R .
AR B AE )7, Pluralistic J7 A —EL#y, (HAE
IR ] 7 T 55 T PIX2PIXEY, 3 i T PIX2PIX
TR T S5 dc ok T B PR AR G A )
KRR

20% 25% 10% 15% 20% 25%

(A) CelebA #iEdk
10% 15% 20% 25% 10% 15% 20% 25% 10% 15% 20% 25%
: = , 2 r4 e _

R

(B) Places2 &
B 13 CGAN ZEJrikAfe o KB B& LB ERUR: (@) MIAEER, (b) PIX2PIX FkBERELEE, (c) Plurdistic 77
BEEE SR, (d) Ground Truth.
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10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40%

e, y )

N
X
»

N
-

s,

e,

o)

-

-0
(&)

(A) CelebA ¥iEg:
10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40%

(B) Places2 ik

% 14 CGAN &7 i 7EBEML X it 1% B B30 . (a) A E{E, (b) PIX2PIX kB E 45 5%, (c) Pluralistic 757
BB 4R, (d) Ground Truth.

F 7 CGAN XA ZEHLXIGHRME G LHEERI
EETES CelebA Places2
PR PSNR SSIM PSNR SSIM
JEEFS L ] 10% 15% 20% 25% 10% 15% 20% 25%  10% 15% 20% 25% 10% 15% 20% 25%
PIX2PIXY 2059 21.17 17.05 22.79 0.856 0.844 0.804 0.834 16.97 17.08 15.05 19.60 0.840 0.814 0.771 0.784
Pluralistic® 28.14 25.13 2350 21.47 0.941 0.912 0.883 0.842 23.81 2220 20.72 19.32 0.907 0.874 0.835 0.795

F 8 CGAN XM XIS HMRE & LrEERM
G CelebA Places2
P AR PSNR SSIM PSNR SSIM
WERSLLB]  10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30%  40%
PIX2PIX[Y 1767 18.40 23.37 23.68 0.792 0.767 0.811 0.786 15.97 16.02 17.11 16.92 0.679 0.639 0.594 0.532
Plurallisticl® 32.95 28.88 26.19 23.42 0.957 0.919 0.874 0.814 28.11 24.73 2246 20.38 0.926 0.864 0.798 0.723

%9 CGANEFZEHRHFEER
gl WZsmfEI(h) Bl (s)  FEANAA(GB) A7 (GB)
K e CelebA/Places?
PIX2PI X2 229.2/466.7 0.021/0.021 2.94/3.06 11.40/11.40 https://github.com/affinel ayer/pix2pix-tensorflow
Pluralistic®  108.0/336.0 0.535/0.670 2.16/2.31 6.20/6.25  https://github.com/lyndonzheng/Pluralistic-Inpainting

TS ACHES 160 -
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4.3.4 DCGAN 275

210, % 11 JB/R T DCGAN KTk fEH .o X
Sl Sl 453 R B AL DX S8 Bt 46 P 5 b i) RS A AR T
PIB R, %5525 0K B e B A i 4 e sg
7E CelebA ¥di4E I+, EdgeConnect™® Jy 3% 4 i (5 41,
Mi7E Places2 £4 |, GLZ k& msmske. M
ISR, FEAET EdgeConnect 777 il
Zef B MG MR A 1 G A5 Bk B — R A
FIT LARE % 02 3 55 4 0 5 s A . (B0 3 00 4
Places2 I, ML MERENE MR, BliZ(E BAR%E
X ERIE R A9 TE R A AT BT,

K15, [ 16 R T tEse g Bt sy
WEFARSERLHIEA . AFEEENE,

...(.' mi
© *
e
“! i
@ N . £
q . =
(A) CelebA¥iHEsE

() ¥
(©)

(d] Z‘ g

BEEE SR, (d) Ground Truth.

10% 15% 20% 25% 10% 15%

) (B) l;laceszﬁﬁﬁé
E 15 DCGAN &7y A rhul X I Bt R i 18 B 5UR

16 T G 28 2 5| R NFSA0E RSO, 1R
L2k EdgeConnect 1R B T GL. 33X 2 [ A i 2 i1
Z {5 B EdgeConnect 1A 2 76 41 5 20 #4238
Ground Truth K& ( PS03 B RRAE 5 40 /N1 3 2
R EAEAME ), (BAERAREE R b JC AR I R A
A, TN AR S R . an(B) Bl i Js — 51
fin, 4R EdgeConnect W15 % 45 RIELHE |5
Ground Truth KT, (HAFAIXF AT A& S, DR
PEZEN AR . KL SFEN B E G
KT,

MR 12 BRI IRTE A A, EdgeConnect
D5 AR s (B A 2R 1] B R BUE T GL 7k,
AT EEFEE 2 1) B A7 PR,

20% 25% 10% 15% 20% 25%
sy s “! i .
e ;H 02
R AR n = = ‘&“ z

20% 25% 10% 15% 20% 25%

(a) i AE%, (b) EdgeConnect i EE 4%, (c) GL 7

% 10 DCGAN H£FZEF O XIGEHIRE®R LHEERT

LAEiEeS CelebA

Places2

pAR e PSNR SSM

PSNR SSIM

EFY Lb ] 10% 15% 20% 25% 10% 15% 20%

25% 10% 15% 20% 25% 10% 15% 20% 25%

EdgeConnect!® 29.44 2598 2473 2252 0951 0.919 0.894 0.853 2524 2358 2217 20.94 0.916 0.887 0.851 0.809

GL!™ 26.39 24.49 2360 21.77 0.847 0.826 0.809 0.781

27.02 2519 23.65 22.28 0.932 0.906 0.875 0.840
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% 11 DCGAN AN XIGEIRE % EREE R
CelebA Places2

G S

RN PSNR SSIM PSNR SSIM

WG] 10%  20% 30% 40% 10% 20% 30%  40%  10% 20% 30% 40% 10% 20% 30% 40%
EdgeConnect’®® 3529 30.87 28.14 2543 00974 0944 0908 0.860 30.04 26.02 23.74 21.66 0950 0.893 0.833 0.764
GLM 27.65 26.20 24.25 21.44 0863 0.840 0.804 0.744 3476 28.32 25.10 22.18 0.976 0.936 0.884 0.812

% 12 DCGAN X FEZRHEFIER
g YIZRRE] () BARIR I (s) 16 77 (GB) £ BA7(GB)

FEIRAR A ik
YIS CelebA/Places?
EdgeConnect® 165.8/204.0 0.48/0.54 2.10/2.11 9.53/9.56  https://github.com/knazeri/edge-connect
GL™ 236.0/218.0 4.76/1.05 2.79/1.64 4.22/451  https://github.com/shinseung428/Global L ocal ImageCompletion TF

10% 20% 30% 40% 10% 20% 30% 40% 10% 20% 30% 40%
' = o mlenAA ,

T (2

SO X W\l 1727

SRSl Al Va

(A) CelebA iR

10% 20% 30% 40% 10% zoox., 30% 40% 10% 20% 30% 40%
oo i) ) 5 5y b OO F'ﬂ g
K L %

(©)

d

(B) Placesz gine

[ 16 DCGAN 277k AE BEDL X S Sl bt T 1% b A5 52 5531 .

BEEE SR, (d) Ground Truth.

435 StackGAN )7

NG E B R RIE T RORTER 13 &k 14
. ATLAE R, 7EZ 75%RSEEH, GConviE )y ik
IR L. K 17, & 18 JE/R T AN E MR SL e 4
W, GConv Jy ik [FIFE /N RAFPERE, 78 22 8 it
% EHS RERUR, 5E T StackGAN 28 4R
Y E RS RE S A S B RSB 5 TAE.

(@) HAEIL, (b) EdgeConnect Jy ik EHE 455, (c) GL Jr

MF 15 JE/R 1 B IRTH TS A, GConv J7 ik 1)
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Background

Image defects inpainting is an important research content
in the field of computer vision. It has extensive application
value in the fields of virtual reality, animation production,
image editing, and protection of ancient cultural relics. In
recent years, as the research on deep learning technology in
image processing becomes more and more mature, it can
achieve good results in advanced feature extraction and image
generation of the image, making the research of image
defects inpainting methods based on the deep neural network
becomes a key research area for research scholars. At present,
deep learning-based image defects inpainting technology
has produced many amazing research works, and has been
applied to tasks such as 3D reconstruction, virtual reality,
and movie special effects production in the field of computer
vision. Meanwhile, there are still a few of challenging
problems that deserve great attention, such as the inpainting
quality with high-resolution images, the generalization ability
of the model. To these issues, we should have a careful
review to the newly developed works and advancements in
the past ten years.

This paper divides the image defects inpainting methods
based on the deep neural network into 5 classes. The network
structure of each algorithm is analyzed and compared in
detail, and the technical knowledge and innovative parts

3431-3440
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used in the network architecture are summarized. Then the
loss function, advantages and disadvantages of these meth-
ods are detailed analyzed. In addition, the commonly used
datasets in the field of image defects inpainting are intr-
oduced, as well as the characteristics of the image samplesin
each dataset. Finaly, the advantages and disadvantages of
each type of algorithm are compared through experimental
data, and the experimental results of each type of algorithm
on the corresponding data set are given.

This work is a critical component of our NSFC research
project “A Research of Automatic Compensation of General
Object Occlusion (No. 61771340)” hosted by L1 Yue-Long.
Thisis a project mainly devoting to solve general occlusion
compensation problem. Image defects inpainting is a core
task of the project which consists of automatic compensation
of general object occlusion. Without image defects inpainting,
we cannot solve the problem of automatic compensation of
image

Image defects inpainting is a main research topic of our
research group in Tiangong University. In the past few
years, we have published a few papers about this topic. In
the future, we will do our best to more achievements about
occlusion reconstruction.



